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Abstract Generally, the existing Artificial Intelligence (AI) systems were designed for specific
purposes and their capabilities handle only specific problems. Alternatively, Artificial General
Intelligence can solve new problems as well as those that are already known. Recently, General Video
Game Playing the game Al version of General Artificial Intelligence, has garnered a large amount of
interest among Game Artificial Intelligence communities. Although video games are the sole concern,
the design of a single Al that is capable of playing various video games is not an easy process. In
this paper, we propose a GreedyUCBI1 algorithm and rollout method that were formulated using the
knowledge from a game analysis for the Monte-Carlo Tree Search game Al An Al that used our
method was ranked fourth at the GVG-AI (General Video Game-Artificial Intelligence) competition of
the IEEE international conference of CIG (Computational Intelligence in Games) 2014.

Keywords: general video game playing, general artificial intelligence, monte-carlo tree search,

UCBI1, Al competition
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(b) Survive Zombies
% 1 VGDLE %R GVG-AL AY <A
Fig. 1 Example games defined by VGDL
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Fig. 2 Monte-Carlo Tree Search
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Fig. 1 CIG 2014 GVG-AI competition results

Rank Al Score Win. ratio

1 Adrienctx 158 51.2%

2 JinJerry 148 43.2%

3 Shmokin 7 31.6%

4 GreedyUCBI1 68 25.4%

5 culim 61 24.8%

6 MMbot 59 26.0%

Avg. 60.71 22.9%
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Fig. 2 Ranks changes between training and testing (AI

and points)
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1 adrienctx (191) adrienctx (158)
2 JinJerry (174) JinJerry (148)
3 MnMCTS (96) Shmokin (77)
4 MMbot (83) GreedyUCB1(68)
5 Shmokin (66) culim (61)
6 GreedyUCB1 (56) MMbot (59)
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